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Development, validation and use
of custom software for the analysis
of pain trajectories

M. R. van Ittersum?*‘, A. de Zoete?, S. M. Rubinstein3, H. Al-Madfai*, A. Kongsted*® &
P. McCarthy”:®

In chronic musculoskeletal conditions, the prognosis tends to be more informative than the

diagnosis for the future course of the disease. Many studies have identified clusters of patients who
seemingly share similar pain trajectories. In a dataset of low back pain (LBP) patients, pain trajectories
have been identified, and distinct trajectory types have been defined, making it possible to create
pattern recognition software that can classify patients into respective pain trajectories reflecting
their condition. It has been suggested that the classification of pain trajectories may create clinically
meaningful subgroups of patients in an otherwise heterogeneous population of patients with LBP. A
software tool was created that combined the ability to recognise the pain trajectory of patients with
a system that could create subgroups of patients based on their characteristics. This tool is primarily
meant for researchers to analyse trends in large heterogeneous datasets without large losses of data.
Prospective analysis of pain trajectories is not directly helpful for clinicians. However, the tool might
aid in the identification of patient characteristics which have predictive capabilities of the most likely
trajectory a patient might experience in the future. This will help clinicians to tailor their advice and
treatment for a specific patient.

In chronic musculoskeletal diseases, diagnosis alone is often insufficient to inform patients and clinicians about
the future course of the disease'. Most chronic musculoskeletal diseases, such as low back pain (LBP), are caused
by a complex combination of biological, psychological, social, and genetic factors that influence the course of the
disease?. It is therefore argued that prognosis, which considers all of these elements, might be a better framework
to inform patients and clinicians about the likely course of the disease’.

Within many patient populations, suffering from chronic diseases such as chronic kidney disease or cancer, it
might be possible to identify clusters of individuals who share similar pain trajectories®. LBP studies have found
that pain trajectories do not vary greatly over time, making them interesting when creating a prognosis, as the
patient is likely to continue on the same trajectory they have experienced in the past*.

LBP is a common and heterogeneous condition that is currently considered to be a combination of many
biological, psychological, social, lifestyle, comorbidities, and pain processing mechanisms?. Due to this complex
combination of potential contributing factors, it is impossible to diagnose the exact cause of pain in 95% of LBP
cases. This creates challenges for researchers in studying LBP because it is impossible to create subgroups based on
a diagnosis within an often large heterogeneous group of patients. It also creates challenges for clinicians because
most treatment efficacy studies do not provide definitive answers due to the large heterogeneity of patient cohorts
among studies>®. The most commonly used method to create different groups of LBP patients is separation by
symptom duration into acute and chronic patients, which appears too simplistic for such a complex condition’.
Pain trajectories have been studied extensively in LBP because trajectories might provide an alternative way to
create meaningful subgroups of patients”™'*. Currently, a detailed study of patient trajectories requires a large
number of patients to be tracked regularly to create a homogeneous dataset. This is expensive in terms of time,
resources and finance. Analytical approaches to datasets compiled from individual patient data (IPD) extracted
from randomised controlled trials (RCTs) are limited by the data loss during analysis caused by the heterogeneity
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of the methodologies used in each RCT. This paper details our software approach to allow greater statistical
exploration of such heterogeneous datasets.

This paper describes how a novel tool called Trajectory Analysis and Mining Software (TAMS)'® can be used
to study pain trajectories in detail. TAMS has three main capabilities:

1. Recognising pain trajectory patterns of individual patients;
Creating subgroups of patients to identify parameters that might have predictive capabilities with regard to
specific pain trajectories and

3. Calculating and collecting data on the most prevalent pain trajectory within LBP, the episodic pain trajectory.

Using TAMS will hopefully lead to a greater understanding of pain trajectories in general and increased
knowledge of pain trajectories within the field of LBP research.

Methods

Technical information

TAMS was written using the scripting language AWK combined with Korn shell scripts'”!®. The software runs
on macOS, Linux and other Unix-type operating systems.

Input data

TAMS uses the comma-separated or CSV file format as the input because it is the most common format in which
datasets are stored. Furthermore, TAMS was developed to deal with ’long’ file formats, whereby each patient
encounter with all recorded parameters of that encounter is placed on a separate line in the file. Commercial
statistical software can typically export data in this format; therefore, converting any existing dataset into a format
(long and CSV) that TAMS can use is easy.

Pattern recognition

Currently, pain trajectories within cohorts of patients with LBP are mainly identified using data-driven analy-
ses with longitudinal data (e.g., latent class modelling)®. All these analyses show a number of unstandardised
trajectories that appear similar but have consistent differences in profile. Hence, comparisons between cohorts
and settings using these trajectories can be problematic. To remedy this situation, a group of pain trajectory
researchers suggested standards for naming and defining pain trajectories, as shown in Fig. 1.!!

Using these pre-defined definitions to identify pain trajectories has a major advantage over pure data-driven
analyses identifying latent classes, as each analysis will result in the same defined pain trajectories, independent
of the dataset used as input.

TAMS uses longitudinal patient data to build a trend line for each unique patient in a dataset, using the
week number of the follow-up appointment as an index and pain intensity as parameter for time and y-axis,
respectively. After creating a trendline, TAMS calculates extra parameters (metadata parameters) needed for the
pattern detection algorithm to function, such as the mean perceived pain of the patient or if there were periods of
four or more pain-free weeks. TAMS then uses the created trendline to calculate extra parameters to determine
whether any pain trajectory definitions match the trendline for that patient.

The flow diagram of the novel algorithm is shown in Fig. 2. As presented in the flow diagram, all trajectories
specified in the suggested standards can be further stratified based on the severity of the mean pain intensity
of a patient into minor, mild, moderate, and severe categories, creating 28 unique trajectory-severity groups.
The trajectory fluctuating pain’ is the last pain trajectory defined in the algorithm because it has the broadest
definition. Consequently, the fluctuating pain trajectory serves as a collection tray for patients who do not fall
into the other definitions.

Once the pain trajectories of all individual patients in the dataset is determined, the patient distribution
across each pain trajectory is calculated. This distribution will be used as the result parameter in subsequent
analyses. In most LBP studies, the result parameter used in the analyses is a change in symptoms at a specific
time post-treatment, for instance, at one and three months after the patient was seen by a physician for the first
time. When dealing with trends over time, such as pain trajectories, it is potentially meaningless to use a patient’s
pain intensity at a certain time post-baseline. This is because information about the trend is not factored into this
analysis. If a patient experiences less pain after one month of a certain treatment, how do we know if this reflects
improvement or merely fluctuating pain? Hence, we decided to use the distribution of patients over different
pain trajectories as a result parameter.

Subgroup analysis

Recursive partitioning is the process of creating a decision tree for subgroups based on a set of rules*'. Any
numeric parameters or parameters that can be represented numerically in a dataset, such as the age or gender
of the patients, can be used to create subgroups. The software further allows for dichotomised groups based
on the mean value of the population, or groups can be created using population percentiles. Tailored rules
can also be created for specific age groups or BMI with predetermined group limits. By specifying more than
one parameter from the dataset for subgroup creation, TAMS combines the subgroups based on the specified
parameters. This process of combining subgroups can continue to infinity in datasets with many parameters;
however, dimensionality becomes an issue as much data would be needed to have enough patients per subgroup
to perform statistically meaningful analysis across groups. For this reason, a maximum limit of three parameters
was specified for TAMS to be used in recursive partitioning.
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Name

Ongoing Pain

Progressing Pain

Rapidly Improving Pain

Gradually Improving Pain

Visualisation

Descriptive definition

An individuals’ pain intensity stays within mean
+/- 1 point (0 to 10 NRS)

An overall pattern of increasing pain intensity

Marked decrease in pain intensity within 1 month

Marked decrease in pain intensity occurring
gradually over more than 1 month

Episodic Pain

Fluctuating Pain

A8

Experiencing more than one period of pain separated
by periods with no pain (0) lasting >= 1 month

Variation in pain intensity exceeds 2 points, without
periods of no pain (0) lasting >= 1 month

. . n One period of pain separated by periods
Single Episode with no pain (0) lasting >= 1 month

Figure 1. Suggested standard pain trajectories (reproduced from Kongsted et al.'!).

The goal of introducing a subgroup analysis capability in TAMS was to help identify specific characteristics
that directly influence a patient’s pain trajectory. For instance, let us say that age has a major influence on a
patient’s pain trajectory. By creating subgroups based on age, we expect the distribution of patients over different
trajectories to be very different from that of the entire patient population.

Episode data extraction

Most pain trajectory studies indicate that LBP is episodic in most cases”!®'*?2. Many patients experience epi-
sodes of pain separated by a minimum of four weeks, where the patient has zero pain®. Most treatment efficacy
studies on LBP assume that LBP is a self-resolving disease!!. Pain intensity data at predetermined moments
post-baseline, for instance, at one and three months, were compared against the pain intensity at baseline to
determine if a certain treatment option is more beneficial for a group of patients than another®**. In the case of
episodic diseases, it is probably more important to determine whether a certain treatment option affects future
episodes. For instance, an effect on the duration of future episodes, an effect on the mean pain of future episodes,
or an effect on the number of episodes a patient experiences during the year. To enable these types of analyses,
TAMS collects, calculates, and stores episode-specific information per patient per episode in a separate output
file for future analysis.

Testing and validation
The functional features of TAMS were successfully tested using simulated datasets created specifically for this
purpose. This type of testing guaranteed essential workings of the software, such as the creation of subgroups. The
next validation step to prove that the algorithm can recognise pain trajectory patterns was to redo a previously
performed analysis using known trajectory definitions so that the results of the two analyses could be compared.
A study performed in Denmark in 2017'° was the only study that used a part of the standard definitions, as
shown in Fig. 1, to identify the pain trajectories of a group of patients in a dataset. For the purpose of this paper,
this study will be referred to as ’the Danish study’. The dataset used in the Danish study, which contains data
from 1077 LBP patients, was previously analysed for pain trajectories using a latent class analysis (LCA)'%. Hav-
ing a sufficient number of patients with known trajectories, the Danish Study was used to validate the output of
TAMS using real-life data.
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No
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[ Minor |
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Figure 2. Pain trajectory detection algorithm flow diagram. 1 ‘NoBaselineMean'’ is the mean pain calculated
over all the pain points of a patient, except for the baseline pain score. 2 A change in pain of =30 points on a
0-100 point Numeric Rating pain scale (NRS) is considered clinically significant'®. 3 ‘Episodic behaviour’ is
defined as ‘the detection of a pain-free period of at least four weeks in between periods with pain'®.

The researchers from the Danish study decided to exclude the first ten weeks of the recorded data because
they were irrelevant to their analysis. Consequently, certain pain trajectories could not be detected, mainly the
rapidly and gradually improving trajectories. These specific pain trajectories rely heavily on what happens in the
first few weeks after the baseline measurement, and they become impossible to detect once the first ten weeks
of data are removed.

To replicate the Danish analysis and prove the functionality of our pattern recognition software, we had to
create the same conditions. The first ten weeks of data were removed, and our pattern detection algorithm was
altered to remove the rapidly and gradually improving and progressing pain trajectories. The resulting algorithm,
which was more or less identical to the Danish study, is shown in Fig. 3.

The trajectory assessment was compared with the original study to calculate the accuracy scores obtained by
constructing a truth table per trajectory per patient. This table was subsequently used to calculate the F1-score,
which is an accuracy score based on the harmonic mean between precision and recall®. E-scores are frequently
used as accuracy measures in algorithm testing for machine learning and data mining. The F1 score is a number
between 0 and 1 or 0 and 100%; the higher the F1 value, the higher the accuracy. The F1-score is calculated using
the following equation®:

recall ™! + Precision™! (Precision*Recall)
Fl-score = = 2x% — s
2 (Precision + Recall)
where
Precision True Positive and recall = True Positive

= (True Positive + False Positive) (True Positive + False Negative)
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Figure 3. Recreation of the pain trajectory detection algorithm used in the Danish study.

Output files

TAMS can generate several different output files. These files are in the CSV format, similar to the input files, so
that they can be easily imported into any statistical software. The first output file contains the distribution data of
patients over the different pain trajectories, which are calculated after the trajectories of all patients in the dataset
are identified. The second output file was almost identical to the input file, with the addition of an extra column
containing the detected trajectory. The third output file contains episode information per patient, how many
episodes were detected, and information per episode, specifically the duration and mean pain intensity for that
episode. The fourth output file contains the extra parameters that TAMS calculates per patient and the metadata
parameters that it needs to be able to run the pattern recognition algorithm. The final output file contains a
condensed version of the first output file with distribution information. This file is meant to hold the output of a
data mining run; therefore, if a thousand different subgroup combinations are tested, the user of TAMS does not
have a thousand individual files but instead has one file with a thousand lines, all representing one run of TAMS.

Results

A comparison of the results of our algorithm with those of the Danish study showed an accuracy of 99.47%. The
five patients that the algorithm had ‘mislabelled’ turned out to be mislabelled in the assessment of the Danish
study. The resulting confusion matrix, including the accuracy calculations, is presented in Table 1.

The accuracy with which TAMS reproduced the results of the Danish study validated the use of the TAMS
algorithm presented in Fig. 3 to assess a dataset of patients with LBP. To the best of our knowledge, no study has
used all of the suggested standard definitions to identify pain trajectories in a dataset of patients with LBP. This
means that it is not possible to validate the algorithm in Fig. 2 by comparing the results of TAMS with the results
of another study, as was done with the Danish study. For this reason, we visually inspected all 1077 identified
pain trajectories TAMS found in the dataset of the Danish study and all were found to be correctly identified.

The Danish study only assessed weeks 10-52 of the data with a subset of the available pain trajectories. It was
decided to redo the analysis using the whole dataset, with all 52 weeks and all of the pain trajectories defined in
Fig. 1 and implemented in the algorithm presented in Fig. 2.

To showcase the possible analyses TAMS can perform, a couple of different analyses were done using the
distribution of patients over the various trajectories as a result parameter. The results of the analyses were not
stratified further based on pain severity to keep the number of groups in the results to a minimum. The first
analysis was a recursive partitioning subgroup analysis using the parameters age and gender from the dataset of
the Danish study. Two groups were created from the gender parameter, male and female, and three groups were
created from the age parameter. The resulting distribution of the patients is shown in Fig. 4.
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Trajectory name Danish study | van Ittersumetal | TP FN |FP |TN Sensitivity (%) | Specificity (%) | Precision (%) | Recall (%) | F1 (%)
Severe ongoing 3 3 310 0 1074 100.0 100.0 100.0 100.0 100.0
Moderate ongoing 1 1 1 |0 0 1076 100.0 100.0 100.0 100.0 100.0
Mild ongoing 2 2 2 |0 0 1075 100.0 100.0 100.0 100.0 100.0
Minor ongoing 155 155 155 |0 0 922 100.0 100.0 100.0 100.0 100.0
Severe fluctuating 43 43 43 |0 0 1034 100.0 100.0 100.0 100.0 100.0
Moderate fluctuating 87 87 87 |0 0 990 100.0 100.0 100.0 100.0 100.0
Mild fluctuating 113 113 113 |0 0 964 100.0 100.0 100.0 100.0 100.0
Minor fluctuating 22 22 22 |0 0 1055 100.0 100.0 100.0 100.0 100.0
Severe episodic 270 270 270 |0 0 807 100.0 100.0 100.0 100.0 100.0
Moderate episodic 163 164 163 |0 1 913 100.0 99.9 99.4 100.0 99.7
Mild episodic 111 111 109 |2 2 964 98.2 99.8 98.2 98.2 98.2
Minor episodic 8 8 8 |0 0 1069 100.0 100.0 100.0 100.0 100.0
Severe single episodic 18 18 18 |0 0 1059 100.0 100.0 100.0 100.0 100.0
Moderate single episodic 23 22 22 |1 0 1054 95.7 100.0 100.0 95.7 97.8
Mild single episodic 49 49 47 |2 2 1026 95.9 99.8 95.9 95.9 95.9
Minor single episodic 9 9 9 |0 0 1068 100.0 100.0 100.0 100.0 100.0
Totals 1077 1077 1072 |5 5 16,150 99.4 100.0 99.6 99.4 99.5

Table 1. Danish study recreation-accuracy assessment (TP True Positive, FN False Negative, FP False Positive,
TN True Negative).

Two-dimensional subgroups in the dataset of the Danish study

Ongoing [

Progressing

Rapidly
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Gradually
Improving

PAIN TRAJECTORY

Episodic

Single
Episodic

Fluctuating

T

Gender Age

mMen 17-33 111
EMen 33-49 275
= Men 49-65 173
OWomen 17-33 120
EWomen 33-49 215
E@Women 4965 183
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1077
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Figure 4. Distribution of patients over pain trajectories after the creation of multidimensional subgroups.

The results of this analysis show some differences in patient distributions when using the parameters age and
gender. We expect these differences to increase when subgroups are created from parameters that might have

predictable abilities on pain trajectories.

The second analysis was a subgroup analysis based on the clinical setting consulted for LBP. The Danish study
included 1077 LBP patients, whereby 947 patients were recruited in 17 different chiropractic clinics and 251
patients were recruited from general practice. After the exclusion process from the Danish study, 199 patients
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remained from general practice and 741 patients from chiropractic clinics. The pain trajectories of these patients
were analysed and the results were stratified based on setting. The results of this analysis can be seen in Fig. 5.

The third analysis was geared specifically towards the episodic pain trajectory. In the dataset of the Danish
study, 586 LBP patients were found to have experienced an episodic pain trajectory. TAMS calculates the number
of episodes per episodic LBP patient, the duration of each episode, and the mean pain intensity per episode. These
data can be studied further to see if different treatment modalities have an effect on the number of episodes per
year, the average duration per episode or the mean pain per episode. Table 2 shows these data from the Danish
study’s dataset, grouped by the number of episodes.

Discussion

We have created a pattern recognition software system that can identify pain trajectories in longitudinal data-
sets of patients with pain Pain trajectories in LBP are relevant to explore further, especially if pain trajectories
can potentially be used to make a cohort of LBP patients less heterogeneous by serving as LBP phenotypes'"'*.

Treatment-based subgroups in the dataset of the Danish study

» General Practice (n=199)

= Chiropractic Clinics (n=741)

| ||1"

o
=®

10% 20% 30% 40% 50% 60% 70%

PATIENT DISTRIBUTION (% OF TOTAL PATIENTS)

Figure 5. Distribution of patients over pain trajectories after the creation of treatment-based subgroups.

. Episode 1 Episode 2 Episode 3 Episode 4 Episode 5 Episode 6 Episode 7
Episodes | n Duration | Intensity | Duration | Intensity | Duration | Intensity | Duration | Intensity | Duration | Intensity | Duration | Intensity | Duration | Intensity
7 3.50 51.00 1.50 50.00 1.00 20.00 1.00 30.00 3.50 25.00 1.00 70.00 1.50 22.50
6 12 6.00 26.60 2.00 26.11 2.92 29.24 2.33 30.07 2.83 33.90 2.33 33.82

5 57 6.67 30.01 3.23 24.82 2.60 26.63 2.46 31.44 3.96 24.99

4 111 8.48 28.77 3.36 25.62 3.71 24.86 423 25.54

3 167 | 11.46 31.89 4.89 27.68 5.46 29.43

2 237 | 12.79 31.45 8.60 30.94

Total episodic patients 586

Total episodes 1790

Mean episodes per patient 3.05

Table 2. Analysis of episodic patients in the dataset of the Danish study (n = number of patients, duration in
weeks, (pain) intensity on an NRS scale ranging from 0-100 points).
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Applications

In the last decade, at least two large IPD datasets were created on the subject of LBP****. This was done by com-
bining the individual participant data of RCTs on a specific subject within LBP, for instance, exercise treatment
for LBP, to form large datasets containing data from thousands of patients. These datasets are heterogeneous
in nature since the studies that comprised them were all different in design and data collection strategies. The
subsequent analyses of these IPD datasets, whereby researchers compared the pain intensity at baseline to the
pain intensity at one, three and six months, suffered from a loss of data. This was because the data points were
not necessarily collected at the same times or frequency between studies.

TAMS looks at the pain intensity trend instead of the pain intensity data at specific moments in time. It does
not matter if the data come from different studies with different data collection strategies because TAMS builds
trends for each patient. This type of trend-based analysis should severely limit the amount of data loss whilst
analysing large, compounded datasets such as IPDs.

Using our novel software, pain trajectory-based analyses can be performed on a large scale. This means
that multiple heterogeneous datasets can be analysed, patient cohorts who received different treatments can be
compared based on the distribution of patients over the different pain trajectories, and pain trajectory-specific
patient characteristics can be revealed through subgroup analyses.

TAMS is written so that the subgrouping process can be easily automated. By systematically using all the
numerical parameters in the dataset for recurrent partitioning, it is possible to start a process, which is essentially
mining the dataset. In this process, all combinations of parameters are tried to find groups of potentially interest-
ing patients by comparing patient distribution over different trajectories. Groups of interest can be flagged and
further studied at a later date.

TAMS can also be used to evaluate the efficacy of different treatment modalities. TAMS can create different
subgroups of patients receiving a certain treatment. Alternatively, treatment modality-specific datasets can be
created, which can be analysed by TAMS. The settings of TAMS will be the same for both analyses, and the dif-
ferences in patient distributions might help inform about the efficacy of different treatments. It will be interesting
to see if different treatment modalities for LBP result in a different distribution of patients over different pain
trajectories in case-matched designs. This may indicate the effectiveness of the treatment modality for each pain
trajectory.

By examining the effects of treatments on the trajectories of patients, it might be possible to determine
which treatment is more effective for certain patients. This needs to be studied further before clinicians can use
it; however, calculating all the individual parameters needed for these studies is a good first step. The ability to
consistently detect a patient’s pain trajectory should enable a more detailed analysis of pain trajectories, specifi-
cally the most frequent trajectory in LBP episodic pain. Data such as the number of episodes, average pain per
episode, and duration of each episode should make it possible to study episodes of LBP in greater detail.

The easy, reliable and rapid detection of trajectories should also enable the use of pain trajectories as inclu-
sion/exclusion criteria for future studies or secondary analysis of datasets.

The suggested standards of pain trajectory definitions are well-defined, which makes it possible to implement
them in a pattern detection algorithm, as was done in TAMS. However, this could also be done for pain trajec-
tories of other chronic diseases, if the definitions are well-defined. TAMS is written with maximum flexibility,
making it relatively easy to alter the algorithms for use in other chronic healthcare conditions. For instance, the
same trajectories were detected in patients with chronic neck pain as those currently implemented in TAMS¥ 2.
This means that TAMS can be used without alterations to analyse the datasets of patients with neck pain. In other
chronic diseases such as chronic kidney disease, arthritis or cancer, patients have distinct pain trajectories as
well’. If the trajectories are as well defined as in LBP, the pattern recognition algorithm can be easily rewritten
to enable TAMS to detect these trajectories as well.

The source code to TAMS has been made available to download from GitHub so that other pain trajectory
researchers can use the software. It has been written in a human-readable language so anyone can inspect the
code and potentially improve upon it. The algorithms from TAMS can also be adapted to create a plugin for
commercial statistical software packages such as SPSS or R.

Limitations

The pain trajectory detection algorithm implements the pain trajectory definitions specified in Kongsted et al’s
2016 paper 11. Therefore, it is only as good as our interpretation of these definitions. We only identified one
dataset thatcould be used to validate TAMS. Ideally, this number would be much higher.

The Danish study used a dataset that contained pain intensity information that was collected on a weekly basis,
with the use of SMS track®. This is an automatic data collection system, which uses SMS to question patients on
a regular basis about their symptoms. Weekly information about the pain intensity of LBP patients is ideal for
pain trajectory purposes, but not many LBP datasets collect data at such a high frequency. It is not yet known
how many data points per patient are minimally needed to assess the pain trajectory accurately. However, the
fewer the points available for a patient, the harder it becomes for the algorithm to detect whether the trajectory
is fast improving or episodic. For instance, a minimum of four pain-free weeks is difficult to detect, with six
points collected over the course of a year. However, in many cases with fewer data points, it might be possible for
the algorithm to detect a pain trajectory or at least determine which pain trajectory a patient does not fit into.

At present, TAMS’s user interface is not user-friendly. The software is command-line driven, runs in a termi-
nal and has no graphical user interface. This has been done for multiple reasons, the main one being speed. The
analysis performed to identify the pain trajectories and create the patient subgroups based on the gender and
age variables took less than a second to perform in a dataset of 1077 patients. This speed is important when the
software is used for data mining. In this process, all possible combinations of parameters are tested to determine
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whether any of the combinations are of interest. In larger datasets, the potential number of parameter combina-
tions can be billions. For this reason, it is important to have a very fast way to analyse datasets, and any couple
of milliseconds saved could mean substantial analysis time saved in a data-mining operation.

Clinical relevance

The main area of intended use would be to facilitate analysis in research, especially when comparing data com-
piled from published studies, as in the IPD. Regarding direct clinical use, the prospective identification of pain
trajectories is not very helpful for a clinician who sees a patient in their office for the first time. It is, therefore,
essential to identify patient characteristics that might have predictive capabilities on which trajectory a patient
might experience in the future. If it is possible, based on patient characteristics, to create an objective, reliable,
and consistent educated guess’ about the course of a patient’s pain, so that both clinical advice and treatment may
be tailored towards this trajectory. TAMS can be used to identify these patient characteristics to aid clinicians.

Conclusions

Turning the predefined pain trajectories for chronic LBP into an algorithm made it possible to create subgroups
in a cohort of patients with LBP based on their trajectories. This need not be restricted to use in LBP. Other
conditions which exhibit chronic pain could also be analysed using the same software approach or the software
adapted to suit condition-specific trajectories. In this study, we demonstrated that the software can be used to
replicate pain trajectory detection, as was performed in a previous Danish study. The analysis of the Danish
study was extended to use the whole dataset and all the pain trajectories as defined in the proposed standard
pain trajectories. Since TAMS calculates certain trajectory-specific information, such as duration of episodes,
frequency of episodes, and mean pain per episode, this means that it can be used to study pain trajectories in far
more detail than has been done previously. Using software for this task, makes the analysis repeatable, transpar-
ent and fast, as well as being able to run on heterogeneous datasets such as found in IPDs, which will ultimately
benefit care of patients.

Data availability

The software has been made available via GitHub: https://github.com/MaartenvanlIttersum/TAMS or through
Zenodo: https://doi.org/10.5281/zenodo.11478880. A dataset for testing purposes is also available in the GitHub
repository, with instructions in the readme file of the same repository. The data used in this study to validate the
software and to showcase its features are available from the Chiropractic Knowledge Hub (https://www.kirov
iden.com/en/). Restrictions apply to the availability of these data, which were used under license for this study.
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